Abstract. In this paper, we present a novel registration algorithm for locally affine registrations. This method preserves the anatomical and intensity class relationships between the local regions. A regularisation procedure is used to maintain a global diffeomorphic transformation. Combined with a novel generic method for accurately inverting the final deformation field, we include our techniques within an atlas-based segmentation propagation framework. We applied our method to automatically segment the whole heart from cardiac magnetic resonance images from a cohort of 18 volunteers (acquisition resolution 2 × 2 × 2 mm). The results show that the proposed method provides a robust initialisation for the atlas-based segmentation propagation framework refined with a fluid registration. We validated our approach against other registration strategies, and demonstrated that we improved the accuracy of the whole heart segmentations (1.8 ± 0.42 mm).
Introduction
Locally affine transformation is an attractive registration alternative for some applications where a single global affine transformation cannot provide enough accuracy while a non-rigid registration would affect incorrectly the local topology. Little et al. proposed a method to incorporate rigid structures into a registration framework. This method registers each of these structures separately and interpolates the local rigid transformations based on a modified distance weighting interpolation [1] , [2] . Based on a similar idea, Pitiot et al. proposed a piece-wise affine registration algorithm where sub-images can be automatically extracted prior to individual local registrations [4] . The challenge of these methods is that the priors for extracting the sub-images or structures from both of the target and source images are not always available. Also, the fusion of the local rigid or affine transformations based on the final results does not guarantee a diffeomorphic global deformation field [5] .
Commonwick et al. proposed a poly-affine/locally affine registration framework based on a block-matching algorithm using correlation coefficient similarity measure [6] . An interpolation scheme based on fusing the speed of the local transformations is employed to generate a global transformation (poly-affine) from this local set. This algorithm also implicitly provides the inverse transformation and guarantees a diffeomorphism [5] . However, this method computes the similarity for the defined regions separately and optimises the local affine transformations independently. In addition, the fusion of the poly-affine, which involves the complex logarithm of the local matrices, is only used at the final resultant transformations. The more efficient "direct fusion" using distance weighting interpolation is employed during the optimisation iterations. Both the region based optimisation and "direct fusion" make this method still a piece-wise registration technique which loses the intensity class relationship between the regions during the registration procedure.
In this paper, we propose a new Locally Affine Registration Method (LARM). This method preserves the linkage of intensity classes between local regions by computing and optimising a global cost function. A regularisation procedure is used to maintain the diffeomorphism of the global transformation. The registration framework requires a pre-definition of the local regions into the target image. However, in many applications such as atlas-based segmentation propagation, one may only have the definition on the source image. In such cases, a method for computing an inverse transformation from a deformation field is required. Currently reported generic methods have difficulties in dealing with large deformation fields and in controlling maximal errors when the field contains large displacements causing dilations and anisotropic contractions [8] . In this paper, we propose a novel algorithm for inverting transformations based on a modified version of the scatter data interpolation [8] . This method is generic, i.e. widely applicable to any diffeomorphic transformations.
In section 2, we describe in details LARM and the inverse transformation estimation. A qualitative and quantitative analysis of our approach based on phantom data is presented in section 3. In section 4, we apply our algorithms within a segmentation propagation approach for automatic whole heart segmentation from magnetic resonance (MR) images. Conclusion and discussion are given in section 5.
Methodology
To achieve a global non-linear transformation T from a set of locally affine transformations {G i }, we embed our local transformations into a global optimisation scheme. In section 2.1, we propose a novel approach where each G i is computed competitively. We achieve this by optimising a cost function based on the gradient of the normalised mutual information between the local region set {V i }. In section 2.2, we describe our new mathematical framework for inverting a displacement vector field, in order to apply it to a segmentation propagation approach.
Locally Affine Registration Method (LARM)
Let {V i } be the set of the n pre-defined local regions, {G i } be the set of the n assigned local affine transformations, the direct fusion based on the distance weighting interpolation [1] is:
where, w i (X) is the normalised weighting factor related to the distance d i (X) between point X and region V i :
In our transformation model, a constant identity affine transformation is assigned to the boundary of the region of interest (ROI) and e is assigned to 2. However, two reasons can cause non-diffeomorphism by this direct fusion. Firstly, the local regions can overlap each other after the individual transformations. A correction of the local regions is required to guarantee the non-overlapping:
where,
are the volumes in V i that will overlap to region V k after the transformations; ⊕ is the morphology dilation with length l i to leave enough space for the interpolation to give an anatomically reasonable minimal distance between the regions after the transformation. Secondly, when the displacement of the local transformation is large the direct fusion by eq. (1) can produce folding [5] . A regularisation step to monitor the Jacobian of the deformation fields in these areas within the volume V of the registration images but outside of all local regions {V i } is then required. The Jacobian J T can be expressed as:
If the determinant of the Jacobian, det(J T ), drops below a threshold (e.g. det(J T ) < 0.5 as demonstrated in [3] ), a new source image is generated by applying the current fusion of local transformations. Hence, the total transformation field are concatenated:
Since all the T j are diffeomorphic, the composition T keeps this property as well.
The main advantage of the proposed LARM is that the computations of the cost function and the driving force (the derivative of the cost function) are based on the whole image intensity information. To compute the derivative of the normalised mutual information, one can obtain it from the operation of the entropies' derivatives which can be computed from the derivative of the probability density function p. Let (l, k) be a joint histogram bin from target image I t and source image I s , ω be the kernel density estimate function, the derivative of
Given a point X which has a small value of 
. Therefore, we can also rewrite the derivative of the entropy as:
Let
where λ is the dilation length and large enough to make w i (X)≈ 0 when X∉U i , V is the volume of the images. Let U i = Ω , then ∂A / ∂ θ i ≈ 0 and:
Since (1+log(A+B)) is constant for all θ i , the computation complexity of (8) is O(n·|U i ∩V|), which compares with O(n·|V|) of (7). We achieved more than 10 times faster in the segmentation experiments in section 4 by using a value of 40mm for λ. Fig.1 outlines the framework of the proposed LARM. A global affine is composed with the concatenated T for the global transformation. The regularization step includes the overlap correction and monitoring Jacobian for T concatenation. 
Inverse Transformation Interpolation
To compute the inverse transformation T -1 from a diffeomorphism, we can directly interpolate t = T -1 (s) for every point s in the source image coordinate. To do so, we End of Optimisation apply the distance weighting interpolation using the closest scatter point set {s i }, where {s i } are transformed by T from the point set {t i } in the target image [8] .
To compute the approximation T I (s) of the inverse T -1 (s), we can interpolate T I (s) using the closest scatter points {s i } [8] :
where, s i = T(t i ), with t i the point from the target image space, and w(s i ) the normalised inverse distances from s i to s. There are two major error sources from this method. Firstly, if the transformation T contains dilations, then the scatter points {s i } can be too distant from s. Secondly, if T contains anisotropic contractions, then the points {t i } are too far away from the ground truth t. To deal with these issues, instead of only using the closest points forward-transformed from the image grid points of the target image, we propose to use the 2 d (d-dimensions) closest neighbour points within a voxel size distance to s as the {s i }. These points are guaranteed to map from the vertices of a region O i , no more than a voxel size, in the target image space. Since both the interpolated point T I (s) and the ground truth T -1 (s) are within the region O i , the interpolation error |T I (s) -T -1 (s) | should not be larger than the size of O i (hence the voxel size).
Unfortunately, when the transformation T causes local dilations or anisotropic contractions, it can be challenging to find {s i } for s. We propose a new method to maximise the probability of finding these points {s i }.
When transformation T causes dilation, the vertex points of a voxel v t in the target image will be sparsely transformed into a bigger volume V s in the source image. To obtain accurate interpolation using eq. (9), we propose to resample more points from v t . We estimate the number of resample points S ê as:
where, J is the Jacobian matrix and | J: ê | = | ê × J × ê |. | J: ê | represents the volume change in the direction of ê, where ê is the standard R d Euclidean basis. When transformation T causes local anisotropic contractions, then |J: ê j | / |J:ê k | >1. The vertex points t i mapping to s i , closest points of s, can be the vertex points of the neighboured voxels of the ground truth t in the direction of ê k . This case will generate big errors in the inverting transformations. To avoid this, we propose to resample more points in the other orthogonal directions inside v t to provide more accurate point set {s i } for s:
To combine (10) and (11), one can get the number of resample points inside v t :
3 Phantom Study Fig. 2 shows a phantom data registration task which demonstrates the advantage of the proposed LARM over the region-based registration method (RBRM) [9] . RBRM extracts the regions (two bars) from the target image into independent sub-images to separately align them and to derive the local affine transformations. We can see from Fig. 2 (d) and (e) that LARM succeeds, while RBRM fails. This is due to the large distance between the two corresponding right bars and the lack of intensity information linkage between the sub-images of the target image in local registrations. Further quantitative comparisons using real data can be found in section 4.
To study the performance of the proposed inverting method, we generate a source and a target image with an isotropic voxel size of 0.5 mm. We create a local rigid box region at the centre of the target image which can be rotated. We fixed the boundaries of the target image. By rotating the box from 5 to 85 degrees, using eq. (1) for interpolation, we can generate a set of generic transformation fields. Each transformation from this set includes a rigid rotation in the centre and some nonlinear dilations and contractions in the other area. Fig. 3 (a) presents the inverse-consistency (IC) errors (| T (T I (s)) -s |) of inverting these transformation fields. We can see that the mean IC errors and the maximal IC errors are subvoxel, which is not the case for most of the currently reported methods [8] . In addition, the maximal IC error reaches its largest value at a 45-50 degrees rotation. This indicates that the IC error is less affected by the magnitude of displacements in large transformation fields.
A common source of errors can arise from scaling up and down objects. To study the behaviours of our algorithm, we scale up the target image along one direction (X axis) from 1.5 to 4.5 times (the magnitudes of transformations are from 6mm to 36mm), and scale down (along X axis) the image from 1/0.9 to 1/0.2 times (3mm to 8mm). The maximal IC errors by scaling up transformations are more stable than by scaling down transformations as shown in Fig. 3 (b) , even though the transformation magnitudes of the scaling down are much smaller. All the maximal IC errors in the two studies are subvoxel (less than 0.5mm).
Whole Heart Segmentation
We include our techniques within an atlas-based segmentation propagation framework. When the atlas and MR image are from different subjects, the locally affine transformation model provides a better initialisation than a global affine transformation. In this section, we employ nineteen volunteer data sets, acquired in St Thomas' Hospital, London, to demonstrate the advantage of a good initialisation in the segmentation framework as well as the robustness and accuracy of LARM. The accuracy is computed from the surface distances between segmentation results and their ground truth. The MR images are from the balanced steady state free precession for whole heart imaging with acquisition resolution 2×2×2 mm at end-diastolic phase. The images are reconstructed into 1×1×1 mm voxel dimensions to achieve better surface delineations in their segmentations. The segmentation ground truth labels every anatomical region with different intensity value to produce an atlas. They have been done manually by technical experts and double-checked by cardiologists.
We select one MR image and its atlas, containing seven labelled regions, as shown in Fig.4 . We then apply a segmentation propagation framework to the other 18 MR images, using the fluid registration algorithm as a final refinement [7] . The seven regions, including four chambers (myocardium included in left ventricle) and two major vessels (aorta is divided into two) are used as the pre-defined local regions for LARM and RBRM. We assess five methods: the single global affine registration (SGAR), RBRM, LARM, the fluid with global affine registration (FGAR), and the fluid with the locally affine registration (FLAR) on four chambers' endocardial surfaces, left ventricle's epicardial surfaces, and the whole heart segmentation. These surfaces have been manually delineated in all 19 data sets. Table. 1 presents the results of the segmentation accuracy. We can see that LARM achieves better accuracy and robustness (lower standard deviation) than the other two initialisation methods (SGAR and RBRM). We conclude from this study that the proposed approach improves the segmentation-propagation framework by providing a robust initialisation of the atlas.
Conclusion and Future Work
In this paper, we have proposed a new framework for locally affine registrations and a novel inverting transformation technique. We have applied these techniques to an atlas-based segmentation framework for automatic whole heart segmentations from cardiac MR images. Both the average and standard deviation of the accuracy have been improved by the locally affine registration method, compared with the single global affine registration and region-based registration.
In future work, we would like to improve the nonrigid registration to preserve the geometric (anatomical) constraints. Indeed, this lack of constraints can result in higher standard deviation when the region boundaries are not initialised closely enough. We would also like to apply the segmentation framework to pathological data, such as from hearts with severely dilated ventricles or congenital malformations, which currently still challenge most of the model based segmentation methods.
